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ABSTRACT 
 
The UK railway network is subjected to an electrification process that aims to 
electrify most of the network by 2020. This upgrade will improve the capacity, 
reliability and efficiency of the transportation system by providing cleaner, quicker and 
more comfortable trains. During this process, railway infrastructures, such as tunnels, 
require to be adapted in order to provide the necessary clearance for the overhead line 
equipment, and consequently, a rigorous real-time health monitoring programme is 
needed to assure safety of workforce. Large amounts of data are generated by the real-
time monitoring system, and automated data mining tools are then required to process 
this data accurately and quickly. Particularly, if an unexpected behaviour of the tunnel 
is identified, decision makers need to know: i) activities at the worksite at the time of 
movement occurring; ii) the predicted behaviour of the tunnel in the next few hours.  
In this paper, we propose a data mining method which is able to automatically 
analyse the database of the real-time recorded displacements of the tunnel by detecting 
the unexpected tunnel behaviour. The proposed tool, first of all, relies on a step of data 
pre-processing, which is used to remove the measurement noise, followed by a feature 
definition and selection process, which aims to identify the unexpected critical 
behaviours of the tunnel. The most critical behaviours are then analysed by developing 
a change-point detection method, which detects precisely when the tunnel started to 
deviate from the predicted safe behaviour. Finally, an Artificial Neural Network (ANN) 
method is used to predict the future displacements of the tunnel by providing fast 
information to decision makers that can optimize the working schedule accordingly. 
 
1. INTRODUCTION 
 
In the 2009, the UK Government approved a new programme in order to upgrade 
the railway system of the country by planning the electrification of most of the UK 
railways [1]. Electric trains, indeed, provide a huge amount of benefits to both railway 
owner and passengers. For example, the former expects a reduction of maintenance 
activities due to less wear of the railway track caused by electric trains, which are lighter 
than diesel trains; the latter can provide a faster, cheaper and quieter service [2].  
During the electrification process, one of the greatest challenges is the installation 
of the Overhead Line Equipment (OLE) on the infrastructure. The OLE is composed of 
live conducting wires, insulators and supporting equipment [3], and the clearance 
required to install the 25 kV AC overhead system is not provided by the current 
infrastructure, including many bridges and tunnels. In the case of tunnels, the optimal 
way to provide the necessary clearance for the OLE is to lower the track to a new level 
by removing the track and ballast, excavating into the sub-formation and re-establishing 
the track [1].  
During these works, a real-time Structural Health Monitoring (SHM) system is 
required in order to monitor the tunnel behaviour by ensuring the safety of the workforce 
and understanding whether the tunnel behaviours are within the predicted safety limits 
[4]. Furthermore, the electrification process is estimated to cost approximately 686k to 
810k USD per track km [7], and the feasibility of future projects to upgrade the UK 
railway system is related to the cost effectiveness of the electrification process, by 
considering the overall cost of the works and the duration of service disruption [1]. 
Hence, the upgrade activities and their possible modifications should be scheduled in a 
safe and efficient way to complete the works on time by guaranteeing the safety of the 
workforce and asset. Although several long-term SHM systems for tunnel 
infrastructures are presented in literature [5], the aim is usually focused on the 
development of an optimal measurement system, therefore, a comprehensive analysis 
of the data, which can provide robust and unexpected information, by pointing out 
hidden vulnerabilities and abnormal behaviours, is needed to avoid or reduce emerging 
risks for the infrastructure and the workforce [6].  
In this paper, we propose a data mining method to automatically analyse a database 
of real-time recorded displacements of a tunnel, which is subjected to the electrification 
process, with the aim of providing rapid information to decision makers. After a pre-
processing step, that aims to remove the noise from the recorded displacement of the 
tunnel, a feature definition and selection process is proposed, using an iterative scheme 
to identify the different behaviours of the tunnel [8]. Then, the most critical behaviours 
are analysed by adopting a Cumulative Sum (CUSUM) change-point detection 
algorithm [9] to detect when the tunnel starts to deviate from the predicted safe 
behaviour and, consequently, to identify what kind of works are going on at that moment 
on the site. Finally, a prediction of the future displacements of the tunnel at the moment 
of the change-point is carried out by using an Artificial Neural Network (ANN) [10]. In 
this way, fast information is provided to decision makers that can optimize the working 
schedule accordingly. 
The remainder of the paper is structured as follows: Section 2 describes the tunnel 
by presenting the working activities and the measurement system; Section 3 presents 
the proposed data mining tool, and its performance on the tunnel case study; Conclusion 
and future development are discussed in Section 4.  
 
2. ELECTRIFICATION IN A TUNNEL  
 
One of the biggest challenges of the electrification process is the installation of the 
OLE on aging railway lines, whose existing infrastructure does not have the clearance 
necessary to install the OLE system, for example, as shown in Figure 1 for a tunnel. In 
these situations, the following three main activities are planned to install the OLE: i) to 
remove the track, sleepers and ballast; ii) to excavate into the sub-formation in order to 
obtain a new lowered ground; iii) to re-establish the ballast, sleepers and track to the 
new lower level that provides the necessary clearance for the OLE system.  
During these activities, AECOM was appointed by the railway owner to provide a 
real-time monitoring system of a tunnel in the south-west of England, with the aim of 
avoiding unacceptable risks to the structure or to the personnel working within the 
tunnel. The monitoring specification required the tunnel to be monitored in real-time. 
Convergence of the tunnel is quantified using 10 Shape Accel Array (SAA) sensors, 
which comprise 23 orthogonally aligned accelerometers, spaced at regular intervals 
along the tunnel section. SAA sensors are chosen due to their reliable readings and due 
to the fact that their low profile means that the SAA system can remain in place when 
the tunnel is operational. The frequency of interrogating the SAA is determined 
considering the type of the working activity carried out at the site. 
 
 
Figure 1. Example of clearance problem. 
 
 
3. DATA MINING METHOD  
 
Large amounts of data are usually generated by this real-time monitoring system 
over time, and consequently a comprehensive analysis of the recorded data is needed in 
order to identify possible hidden abnormal trends of the displacements, and relationship 
between those abnormal events and the works. For these reasons, an automatic data 
mining method, which can innovatively and automatically analyse the whole database 
of the recorded displacements of the tunnel, by pointing out the exact moment when the 
tunnel started to show abnormal displacements, is hereafter proposed. The pre-
processing of the data is performed to remove the noise from the recorded tunnel 
behaviours, and consequently the tunnel behaviours are clustered by using a K-means 
algorithm. The most critical cluster(s) is then analysed by a change-point detection 
algorithm in order to detect the exact moment when the tunnel started to show abnormal 
behaviours. Once this moment is identified, the decision makers need to know what 
kind of work was going on at the site, and, consequently, the actual activities are 
identified by automatically looking into the spreadsheets of the works. Finally, an ANN 
is trained to predict the future displacements of the tunnel at the location of the identified 
abnormal behaviour. The proposed method has been verified using the database of the 
all available data, i.e. the data provided by each SAA in the tunnel, however, without 
loss of generality, in what follows the results of the analysis of only one SAA are shown. 
 
Data Pre-Processing  
 
The measurement system provides noisy data mainly due to a wrong off-set value. 
For example, Figure 2(a) shows a raw displacement recorded by a sensor on the tunnel 
that has a wrong off-set at time 600, where the displacement jumps from -1mm to 19mm 
instantaneously. This phenomenon is probably due to an accidental knock of the sensor 
during the works. On the contrary, Figure 2(b) shows the same displacement after the 
pre-processing analysis was carried out: it should be noticed that the off-set at time 600 
is corrected. Therefore, the real displacement of the tunnel, which is around -1.4mm, 
can be analysed.  
 
 
Figure 2. Displacement before and after the pre-processing analysis. 
 
 
Feature Definition and Clustering 
 
The processed displacements are used as the input to a feature definition and 
selection process. Firstly, 11 statistical features (such as mean, standard deviation, 
kurtosis, skewness, etc.) are computed for each displacement pattern. Then, a group of 
features is randomly selected and used as input to a K-means algorithm that aims to 
identify clusters of different behaviours of the tunnel. The performance of the K-means 
clustering is evaluated by considering the Calinski-Harabasz (CH) index, which is 
expressed as the ratio of the between-cluster and the within cluster variance. The feature 
selection, followed by the K-means clustering, is iteratively repeated until the CH index 
is maximized, i.e. the most compact and separate clusters are identified.  
Figure 3 shows the optimal result of the feature selection process: three features (the 
mean value, the Root Mean Square (RMS) and the median of the displacements 
recorded by the SAA installed 40 meters into the tunnel, labelled as SAU0040) are 
selected as the features that provide the best clustering results in terms of compactness 
and separation of the clusters. Figure 3 depicts 5 clusters for each optimal feature that 
are well separated and compacted.  
 
 
Figure 3. Optimal features and clusters. 
The most critical clusters are the clusters with the highest mean and median value, 
i.e. cluster 1 and 3 (circles and stars in Figure 3). Indeed, the higher the displacement of 
the tunnel is, the riskier the activities inside the tunnel are. The behaviours belonging to 
each one of the 5 clusters are visualized in Figure 4. The behaviours of cluster 1 and 3 
show an unexpected abrupt increase of the displacement (for example, the expected 
displacement increase is shown by clusters 2, 4 and 5) at the beginning of the working 
activities and the highest displacements values. Therefore, the decision maker needs to 
find out the time of occurrence and the reason of this sudden increase.  
 
 
Figure 4. Clustering results of the displacements recorded by the shape array SAU0040. 
 
 
Change-Point Detection and Working Activities Identification  
 
The most critical clusters (1 and 3) are analysed by using a change-point detection 
algorithm in order to identify when the unexpected increase of the displacement 
occurred and, consequently, point out what kind of working activities were carried out 
in the tunnel at that time.  
The change point detection method is based on the analysis of CUSUM charts of 
the recorded and randomly resampled displacement [8]. Given a recorded displacement 
pattern, X(t) = [X1, X2,…, Xn], where n is the size of the measured displacement, its 
CUSUM chart is developed by considering the cumulated difference between each 
value Xi of X(t) and the mean value of the displacement pattern, X̅:  
 
Si = Si-1 + (Xi - X̅)  for i = 1, 2, …, n (1) 
 
The maximum variation of the CUSUM, ΔSmax, can be computed as the difference 
between the maximum, Smax, and minimum, Smin, CUSUM value. In order to evaluate 
if a change on the trend of the displacement, X(t), has occurred, the values of the 
displacement X(t) are randomly resampled for 1000 times, and the CUSUM process is 
repeated for each resampled trial. We consider that a change has occurred on the 
displacement X(t) when the ΔSmax of X(t) is higher than the ΔSmax of the 95% of the 
randomly resampled trials. Therefore, if a 95% confidence level is achieved, the change 
point is estimated to have occurred at the time of occurrence of the maximum CUSUM 
value, Smax. Finally, multiple change-points can be detected by dividing the 
displacement X(t) in two parts, one for each side of the identified change-point, and 
repeating the CUSUM analysis for each part. 
Figure 5 depicts the results of the change-point detection algorithm for sensor 9 of 
the shape array SAU0040, which belongs to cluster 1 of Figure 4. The figure on the left 
hand side of Figure 5 shows the post-processed displacement recorded by the sensor, 
whilst the plot on the right hand side of Figure 5 depicts, by the means of vertical lines, 
the identified change-points at time 52, 377 and 798, respectively.   
 
 
Figure 5. Change point detection of unexpected behaviours. 
 
 
In order to identify the works that were carried out at the time of the change-points, 
the works spreadsheets are automatically investigated by the proposed method. Figure 
6 illustrates the main activities that are reported on the spreadsheets for the moment of 
the change-points. For change-points at time 52 and 798 no information is provided on 
the spreadsheets. This lack of information is due to the use of hard copy spreadsheets 
that are transferred to an electronic version by the works contractor at a later date. For 
the change-point at time 377, 60 meters in length of tracks are being extracted, while 
the first 20 meters of this 60-meters section are being drained from the extra water. At 
the same time, the previous 20 meters are back-filled with new ballast.  
 
 
Figure 6. Working activities information at the change-points. 
 
 
Displacement Prediction Using ANN 
 
The prediction of future displacements of the tunnel during the electrification 
working activities is needed in order to optimize the working schedule in a safe and 
cost-effective way. Hence, an ANN is developed by considering the following 
architecture: two input nodes, eleven hidden nodes (which are defined by using a trial 
& error procedure) and one output node. For each shape array, an ANN is defined by 
considering the works and the displacement of a randomly sampled subset of sensors 
belonging to neighbouring shape arrays as training patterns.  
For example, in the previous section it has been pointed out that sensor 9 of the 
shape array SAU0040 records a high unexpected behaviour of the tunnel at time 52. 
Consequently, the ANN can predict the future displacement of the tunnel in that 
location, by knowing the works that are carried out in the tunnel, and the displacement 
recorded by the sensor up to the time of the identified change-point. The dotted line in 
Figure 7 shows the prediction of the ANN, which is started at time 40 with the aim of 
verifying the ability of the ANN in predicting the change-point. The unexpected 
behaviour of the tunnel, i.e. the abrupt change-point at time 52, is predicted with good 
precision by the proposed ANN, however, a lower equilibrium level of the tunnel after 
the change-point is predicted by the ANN (the dotted line is in a lower than the solid 
line in Figure 7). The change-points at time 377 and 798 are not clearly pointed out by 
the ANN prediction. This prediction can be more accurate if more detailed information 
about the works are provided by the works contractor on time. Finally, relying on the 
information provided by the ANN, the decision maker can optimize the working 
schedule in a safe and cost-effective way to guarantee the safety of the tunnel and 
workers. 
 
 
Figure 7. Artificial Neural Network prediction. 
 
 
4. CONCLUSION  
 
The electrification process of the UK railway has a great challenge of installing the 
OLE on the infrastructure due to the presence of old infrastructure. In the case of tunnels, 
the track of the railway is lowered in order to provide the necessary clearance for the 
OLE. During the working activities, a real-time structural health monitoring system is 
required to monitor the tunnel behaviour. Therefore, large quantities of data are 
generated, and automated data mining tools are needed to accurately and quickly 
process this data.  
In this paper, an automatic data mining tool has been proposed by relying on an 
iterative feature selection problem followed by a change-point detection method. The 
optimal features have been identified efficiently by maximizing the performance of a 
K-means clustering in terms of compactness and separation of the clusters. The most 
critical clusters have been analysed by developing a CUSUM change-point detection 
method. The CUSUM method has shown good performance in detecting the time of the 
abrupt change of the displacements. The working activities that were going on at the 
site at the moment of the unexpected behaviour of the tunnel have been acknowledged, 
by looking into the spreadsheet of the works. Finally, an ANN has been proposed with 
the aim of predicting the abrupt change-points of the tunnel. 
Even though the performance of the proposed data mining tool has been shown to 
be good, further improvements are needed to optimize the identification of the most 
critical clusters and the most dangerous change-point. Moreover, a more accurate 
prediction of the ANN can be achieved by optimizing the training process and 
diminishing the uncertainty of the recording process of works.  
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